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Abstract
We use multivariate regime switching vector autoregressive models to characterize the time-varying
linkages among short-term interest rates (monetary p o l i c y )a n ds t o c kr e t u r n si nt h eI r i s h ,t h eU Sa n dU K
markets. We ﬁnd that two regimes, characterized as bear and bull states, are required to characterize
the dynamics of returns and short-term rates. This implies that we cannot reject the hypothesis that
the regimes driving the markets in the small open economy are largely synchronous with those typical
of the major markets. We compute time-varying Sharpe ratios and recursive mean-variance portfolio
weights and document that a regime switching framework produces out-of-sample portfolio performance
that outperforms simpler models that ignore regimes. Interestingly, the portfolio shares derived under
regime switching dynamics implies a fairly low committment to the Irish market, in spite of its brilliant
unconditional risk-return trade-oﬀ.
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Abstract
We use multivariate regime switching vector autoregressive models to characterize the time-
varying linkages among short-term interest rates (monetary policy) and stock returns in the Irish,
the US and UK markets. We ﬁnd that two regimes, characterized as bear and bull states, are
required to characterize the dynamics of returns and short-term rates. This implies that we
cannot reject the hypothesis that the regimes driving the markets in the small open economy
are largely synchronous with those typical of the major markets. We compute time-varying
Sharpe ratios and recursive mean-variance portfolio weights and document that a regime switching
framework produces out-of-sample portfolio performance that outperforms simpler models that
ignore regimes. Interestingly, the portfolio shares derived under regime switching dynamics implies
a fairly low committment to the Irish market, in spite of its brilliant unconditional risk-return
trade-oﬀ.
11. Introduction
The eﬀect of interest rates or monetary policy on stock returns is of great interest to both macroeconomists
and ﬁnancial economists. Moreover, with increasing ﬁnancial integration, the transmission of shocks — of
monetary origin or not — across markets has become the focus of extensive research. Our paper investigates
the relationship between stock returns and short-term interest rates (taken as indicators of the stance of
monetary policy) in the context of a small open economy, Ireland, linked to two major international markets,
the US and the UK. Ireland seems to oﬀer the ideal case of a small open economy with long-standing political
and economic links with both the UK and US.1 The linkages between such markets is of key importance to
an understading and normative prescriptions for international portfolio diversiﬁcation.
A number of recent papers have brought to the forefront the debate in international ﬁnance the fact that
correlations could be strongly unstable. For instance, Longin and Solnik (1995) show that correlations between
markets increase during periods of high market volatility, with the result that correlations are higher than
average exactly in the moment when diversiﬁcation promises to yield major gains. Such changes in correlations
imply that the beneﬁts to portfolio diversiﬁcation may be rather modest during bear markets (see Butler
and Joaquin, 2002). Therefore in this paper we adopt a multivariate Markov switching VAR approach that
allows us to accurately model and understand the time-varying nature of the relationship between money
and equity markets in a small open economy, Ireland, and the major Anglo-Saxon markets, the UK and
the US. Given the importance of time-varying correlations (more generally, the moments of the density of
returns and short-term rates) between returns for asset allocation decisions, we examine the implications of
accounting for the regime-switching impact of monetary policy on stock returns for the portfolio decisions of
an international equity investor.
A vast literature in ﬁnance has reported evidence of predictability in stock market returns, mostly in the
context of linear, constant-coeﬃcient models, see e.g. Fama and French (1989), Ferson and Harvey (1991), and
Goetzmann and Jorion (1993). More recently, some papers have found evidence of regimes in the distribution
of returns on individual asset returns or pairs of these (e.g., Guidolin and Timmermann 2005). It is also well
known (see e.g. Keim and Stambaugh, 1986) that short-term interest rates are accurate and useful predictors
of subsequent, realized excess equity returns. There is evidence that stock returns respond to monetary policy
shocks (Bernanke and Kuttner, 2005; Bredin et al., 2007) while Rigobon and Sack (2003) provide evidence on
the transmission mechanism between short-term interest rates and equity returns in the US and Ehrmann,
Fratzscher and Rigobon (2005) document evidence of linkages between interest rates and equity returns across
international markets. Moreover, recent papers by Ang and Bekaert (2002a), Bredin and Hyde (2007) and
Guidolin and Timmermann (2008) document that such a relationship between international stock returns
and interest rates may contain important nonlinear components that ought to be carefully modeled.
1For instance, prior to Ireland joining the European Monetary System in 1979, the Irish punt was held at parity with the UK
pound sterling. Moreover,t h em a j o r i t yo fI r i s hﬁrms are listed on the London stock exchange in addition to Dublin’s exchange.
Ties with the US have been increasing signiﬁcantly over the past three decades. By 1994, nearly a quarter of the Irish workforce
were employed by US owned ﬁrms and in 1999 US foreign direct investment accounted for 90% of capital formation in Ireland.
1Our paper has two main goals and — we believe — it advances the existing literature in three ways. Our ﬁrst
and main objective is to characterize within a coherent econometric framework the economic implications of
the time-varying nature of the links between monetary policy (i.e., short-term interest rates) and international
stock market dynamics. We perform this task using a case-study in which two major economies (hence, sources
of real as well as ﬁnancial shocks) — the UK and the US — are investigated along with one small open economy,
Ireland, with strong real and ﬁnancial ties with the UK and the US. Our notion of economic “value” (as in
much recent literature, see e.g., Della Corte et al., 2007) consists of characterizing the eﬀects for the time-
varying price of risk (in a mean-variance framework, the Sharpe ratio) and for optimal portfolio choices of
our econometric model of time-varying predictability from interest rates to stock returns.
Our second goal consists in documenting that econometric models in the Markov switching class ﬁrst
brought to the attention of applied ﬁnancial and macro-economists by Hamilton (1991), may oﬀer a convenient
and useful framework within which to capture the time-varying and unstable nature of the links between
monetary policy and equity markets. In our analysis, useful means that — when they are carefully speciﬁed and
estimated — models with regimes may oﬀer support to optimal ﬁnancial and policy decisions. In particular, in
our paper we document the out-of-sample performance of simple mean-variance portfolio strategies devised on
the basis of our two-state Markov switching model and show (consistently with other papers in the literature,
applied to diﬀerent data sets, see e.g., Guidolin and Timmermann, 2007a) that the phenomena discussed in
Sections 2 and 3 are strong enough to lead to improved decisions.
We claim at least three contributions to the extant literature. First, we show that regimes may exist in
which monetary policy — even shocks to short-term rates emanating from the US, the country that seems
to be exercising an uncontested co-leadership in setting global monetary and ﬁnancial conditions — has
only weak eﬀects on international equity markets. Interestingly, such a regime corresponds to a state of
bullish markets, characterized by positive and high excess mean returns. Second, although an expanding
literature has been stressing the importance of capturing non-linear dynamics in optimal portfolio choice
(see e.g., Detemple et al., 2003, Das and Uppal, 2004, and Guidolin and Timmermann, 2007a) in some cases
highlighting the relevance of time-varying predictability from classical instruments (such as the dividend
yield or short-term interest rates) to stock returns, ours is to our knowledge the ﬁrst paper that explicitly
characterizes the importance of regimes in the links between monetary policy shocks and equity markets for
international portfolio diversifacation. Third, although the exceptional performance of the Irish stock market
(as well its entire economy) starting from the 1990s has drawn considerable media coverage, the ﬁnancial
implications of such a performance for optimal portfolio choices have been under-researched.2 It is clear, that
if a market consistently oﬀers Sharpe ratios above similar and related markets over time, a near-arbitrage
opportunity arises for portoﬂio managers, while researchers ought to be interested in providing some sort of
equilibrium justiﬁcation for the apparent imbalance. We ﬁnd that such diﬀerences in (average, unconditional)
Sharpe ratios across the three equity markets investigated is merely illusory: the Irish performance becomes
unfortunately the worst across the three markets while Irish equity returns turn highly correlated with foreign
2See for instance The Economist, “Green is Good”, May 17 1997, issue 8017.
2ones exactly when the beneﬁts of diversiﬁcation ought to pay oﬀ, during bear markets.
Our main results may be summarized as follows. We ﬁnd that a two-state switching VAR(1) model in
which (besides the conditional means) covariances and variances also depend on the state (and therefore
change over time) is strongly required by the data in order to provide a good ﬁt (as stressed by standard
in-sample criteria and tests) and possibly accurate predictions (as revealed by information criteria). The
two regimes have an interpretation in terms of bear vs. bull states. Interestingly, while in the bear regime
US monetary policy strongly aﬀects all the stock markets with the expected, negative signs and short-term
interest rates in other countries have weaker eﬀects, in the bull state monetary policies have ambiguous and
rather weak eﬀects on stock markets. Consistently with other results that have appeared in the literature,
both volatilities and correlations are above their unconditional, full-sample levels in the bear state, and
viceversa in the bull regime.
We then proceed to the recursive calculation of one-month ahead, predicted Sharpe ratios derived under
the switching VAR(1) model. We ﬁnd that the equity Sharpe ratios for the three markets under investigation
strongly comove, although correlations remain substantially below one. This suggests that the ISEQ seems
to compensate risk in ways that are perfectly consistent with the ratios that are typical of major, developed
markets. Also, equity returns correlations systematically below 1 with Sharpe ratios that are similar across
markets suggest the existence of enormous potential for international portfolio diversiﬁcation. When we
proceed to compare the evolution of mean-variance portfolio weights induced by the switching VAR and by
one natural benchmark (a standard, single-state VAR(1)), diﬀerences are striking: the single-state model
generates a moderate demand for stocks, 13 percent for Ireland and 16 percent for the S&P 500. A regime
switching model implies larger equity weights (on average 40-50%, although rich temporal dynamics can be
detected). Interestingly, while single-state models that ignore the presence of regime switching patterns may
imply a substantial commitment to the Irish stock market (e.g., 64% in some cases under a VAR(1) model),
our baseline model leads to investing only 20-30% of the optimal portfolio in the “Celtic Tiger”.
Finally, a key result is that the recursive, out-of-sample performance of switching VAR portfolios turns
out to be systematically superior to the one produced by models that ignore the evidence of regimes. For
instance, under moderate risk aversion and a no short sale constraint, a regime switching asset allocation
scheme obtains a 1.19 percent per month average performance (higher than 1.06 for a VAR strategy), with
an implied Sharpe ratio of 0.68 vs. 0.66 for a single-state VAR(1). Therefore the statistical features that led
us to specify and analyse a regime switching VAR seem also to lead to improved out-of-sample predictions
and hence to improved portfolio performance. The intuition for these ﬁndings is simple. First, the ISEQ
index is diﬀerent from, riskier than, the FTSE and the S&P500 because the mean diﬀerentials when going
from one state to the other is maximum in the Irish case, e.g., 0.95% per month in the case of Ireland and
the UK excess returns vs. 0.31% in the case of the US. Such large jumps in means obviously add to the
overall risk/variance of Irish excess returns. Second, a similar phenomenon involves variances, in the sense
that the volatility of ISEQ excess returns is the one that depends the most on regimes and this adds to their
overall risk. Third, correlations among shocks to excess market returns are systematically higher in bear
3states than in bull ones, which implies that diversiﬁcation pays out the least exactly when it is needed the
most. The result of these three concurring eﬀects is that a risk-averse portfolio optimizer will simply bias
portfolio weights away from a well-diversiﬁed pattern and towards the market with the highest Sharpe ratio,
in the case the S&P500.
Two closely related papers are Ang and Bekaert (2002a, AB) and Guidolin and Nicodano (2007, GN).
Discussing relationships and diﬀerences to these papers also helps highlight the contributions of our paper.
AB consider bivariate and trivariate regime models that capture asymmetric correlations in volatile and stable
markets and characterize a US investor’s optimal asset allocation under power utility. Our focus is distinctly
on the dynamic linkages between the market of a small open and major stock markets representative of
countries with which the real ties are strong. Moreover, diﬀerently from AB, we directly model the regime
switching behavior of the vector-autoregressive predictive relationships that link short-term interest rates
to excess stock returns. Therefore, while AB’s main concern is simply with correlations, our focus is non-
linearities which may simultaneously aﬀect means, variances, as well as covariances. GN show that predictable
covariances between means and variances of stock returns within a regime switching framework may have a
ﬁrst-order eﬀect on the composition of equity portfolios. In an international asset menu that includes both
European and North American small capitalization stock indices, they ﬁnd that small cap portfolios become
riskier in bear markets, i.e. display negative co-skewness with other stock indices. On the contrary small
caps command large optimal weights when the investor ignores variance risk, by incorrectly assuming joint
normality of returns and focussing on Sharpe ratios only. The main results of our paper are similar to GN’s:
we ﬁnd a portfolio — the ISEQ index — with good risk-return properties that ends up receiving a rather
moderate weight on the account of its poor regime-switching induced properties. Apart from diﬀerences in
the application, also in this case the major diﬀerence is on the explicit focus on time-variations in predictive
relationships between excess stock returns and short-term interest rates.
The paper has the following structure. Section 2 provides a brief introduction on switching VAR models,
on their diﬀerences with competing non-linear models, and on the literature linking monetary policy and
stock markets. After an introduction to the data employed in the paper, Section 3 reports the main body of
empirical results of the paper. Section 4 is devoted to the economic implications of our econometric results, in
particular to predicting Sharpe ratios useful in portfolio choice, and to calculating and assessing the recursive
out-of-sample performance of portfolio strategies that rely on diﬀerent statistical models. Section 5 concludes.
2. The Framework of Analysis
As discussed in a number of papers (among the recent examples, see Lobo, 2002, and Bernanke and Kuttner,
2005) monetary policy shocks are transmitted to equity valuations through a number of alternative channels
such as: changes in the future, expected cost of capital (if monetary policy aﬀects future, real discount rates);
changes in future, expected cash ﬂows due to changes in the strength of composition of the aggregate demand
for goods and services; changes in the values and composition of optimal private portfolios (e.g., in the relative
weights of bonds vs. equities). The ﬁrst two channels have been discussed in the empirical literature at least
4since the seminal paper by Smirlock and Yawitz (1985). In fact, Rigobon and Sack (2004) stress that much of
the transmission of monetary policy comes through the inﬂuence of short-term interest rates on other asset
prices, as it is the movements in these other asset prices — including stock prices — that determine private
borrowing costs and changes in wealth, which in turn importantly inﬂuence real economic activity. This
implies that not only monetary policy shocks happen to produce such eﬀects on equity prices, but also that
this channel is de facto crucial to the very eﬀectiveness of monetary policy. In Rigobon and Sack (2004) the
main ﬁnding is that equity indices display a statistically signiﬁcant and economically important negative,
linear reaction to a tightening monetary policy shock.
However, a novel strand of papers have also reported that monetary policy shock would not always aﬀect
stock returns in the same fashion and with constant strenght. For instance, using tick-by-tick data, Fleming
and Piazzesi (2005) ﬁnd that policy surprises have a weaker eﬀect on the price of long-term assets (in their
paper, long yields on Treasury notes) when the yield curve is steep than when the yield curve is ﬂat or
“inverted”. In fact, their results show that long yields tend to react positively to surprises, but negatively
to surprises interacted with slope, which is a rudimentary way to capture non-linear eﬀects. Fleming and
Piazzesi’s interpretation is that the yield curve slope is correlated with market participants’ time-varying
concerns about inﬂation, although it is well known that such a slope also correlates to expectations concerning
expansions and recessions. In a framework that shares some of our goals, Chen (2007) documents (using both
Markov switching and time-varying parameter models) on US stock return (S&P 500) data that monetary
policy has larger eﬀects on stock returns in a bear market. Furthermore, Chen shows that a contractionary
monetary policy leads to a higher probability of switching to a bear-market regime.
These new results in the literature on stock markets and monetary policy have opened a possible debate on
what could be the most suitable econometric framework to adequately describe and predict the links between
monetary shocks and equity returns. Although most of the literature has employed so far rather informal
linear empirical frameworks in which stock returns are simply regressed over measures of exogeneous monetary
policy shocks, more recently a factor-type regression framework has emerged as a common workhorse (see
e.g., Ehrmann and Fratzscher, 2006):








rt = α2 +
q2 X
j=1
Υjxt−j + νt. (1)
In this model St is a vector of exogenous (orthogonalized) monetary policy shocks, νt is a vector of monetary
policy eﬀects caused by equity market shocks, and zt is a vector of controls that collects past stock returns,
short-term interest rates, seasonal eﬀects, etc. Notice that xt collects the excess stock returns under investi-
gation, while rt the short-term rates.3 All other matrices and vector variables have obvious interpretation.
3Formally, xt is a vector of n (excess) stock index returns, xt =( x1t,x 2t,...,x nt)
0,a n drt collects l short-term interest rates,
5If one simply plugs into the model for excess stock returns the deﬁnitions for the shocks St and νt implied
by the two remaning (vector) equations, we have:
xt = α0 + B
⎛


























w h i c hc a nb er e - w r i t t e na s( a s s u m i n gq = q1 = q2)
xt − (B + Γ)rt = Πyt =( α0 − Bα1 − Γα2)+
q X
j=1




Cjzt−j + εt (2)
where α ≡ α0 − Bα1 − Γα2, Cj≡ Φj − BΛj − ΓΥj (j =1 ,...,q)a n dΠ is an appropriate matrix that
absorbs the contemporaneous eﬀects represented by the coeﬃcient matrices B+Γ. O n ec a ne a s i l ys e et h a ta
generalized version of such an econometric model is the one in which yt ≡ (x0
t r0
t)0 is represented as a simple,
unrestricted VAR(q)




obtained from (2) by setting μ ≡ Π−1α and Aj≡ Π−1Cj (j =1 ,...,q). For instance, Ehrmann, Fratzscher,
and Rigobon (2005) have recently used switching VAR models and found that — although stock returns react
most strongly to domestic ﬁnancial shocks — spillovers both within and across asset classes are substantial.
The empirical ﬁndings of papers such as Fleming and Piazzesi (2005) and Chen (2007) imply that some
doubts should exist on the fact that the coeﬃcients collected in the matrices μ and {Aj}
q
j=1 m a ya c t u a l l yb e
constant over time. In this paper we extend the existing empirical literature by admitting the possibility that
diﬀerent regimes may exist across which the VAR(q)c o e ﬃcients (as well as the variances and covariances of the
shocks in εt)m a yd i ﬀer. Our methodology extends the class of multivariate Markov switching models studied
by Hamilton (1991) and Krolzig (1997) to investigate the time-varying nature of the relationship between
equity returns and short-term interest rates in a small open economy, Ireland and two major markets, the
UK and the US. The joint distribution of a vector of n (excess) stock index returns, xt,a n dl short-term
interest rates, rt, is modeled as a multivariate regime switching process driven by a common discrete state
variable, st, that takes integer values between 1 and k.W e d e ﬁne the (n + l) × 1 vector of state variables
yt ≡ (x0
t r0
t)0 and write the switching VAR(q)m o d e la s :
yt = μst +
q X
j=1
Aj,styt−j + εt (3)
rt =( r1t,r 2t,...,r lt)
0.
6Here μst =( μ1,st,...,μ n+l,st)0 is a vector of intercepts in state st, Aj,st is an (n+l)×(n+l) matrix of autore-
gressive coeﬃcients at lag j in state st and εt =( ε1,t,...,ε n+l,t)0 ∼ N(0,Σst) is the vector of return innovations
that are assumed to be joint normally distributed with zero mean vector and state-speciﬁc, time-varying co-
variance matrix Σst. Innovations to returns are thus drawn from a Gaussian mixture distribution that is
known to be capable of providing a ﬂexible approximation to a wide class of distributions, see Timmermann
(2000). Importantly, it is well known that mixtures of conditionally Gaussian densities can approximate
highly non-Gaussian unconditional multivariate distributions rather well. In our application, n =3 ,l=3
(Ireland, UK, and US), so that we end up modeling a 6 × 1 vector yt.4
Moves between states are assumed to be governed by the k × k transition probability matrix, P,w i t h
generic element pji deﬁned as
pji ≡ Pr(st = i|st−1 = j),i , j =1 ,..,k. (4)
Each regime is hence the realization of a ﬁrst-order Markov chain. Our estimates allow st to be unobserved
and treat it as a latent variable. This feature corresponds to the common observation that although nonsta-
tionarities and regime shifts seem to be pervasive, they remain extremely diﬃcult to predict and even pin
down once they take place. Notice that when q ≥ 1, ( 3 )-( 4 )c a p t u r e st h ei n t u i t i v ei d e at h a ti tm a yb e
that the predictive relationship linking past stock returns and short-term interest rates that may be changing
over time as a function of the Markov state variable. Crucially, having Σst depend on st helps the modeler
to capture any heteroskedasticity patterns of variations of (shock) variances across bull and bear markets,
besides the now well-documented ﬁnding by Longin and Solnik (1995) that correlations would be strongly
aﬀected by the market state.
(3) - (4) nests several popular models from the literature as special cases. In the case of a single state,
k = 1, we obtain a linear vector autoregression (VAR) with predictable mean returns provided that there
is at least one lag for which Aj 6= 0. This type of statistical framework has been employed e.g. by Lund
and Engsted (1996) and more recently to a problem related to ours by Ehrmann, Fratzscher, and Rigobon
(2005) and Ehrmann and Fratzscher (2006). In the absence of signiﬁcant autoregressive terms (q =0 ) ,t h e
discrete-time equivalent of the standard IID Gaussian model adopted by much of the mean-variance based
literature obtains.
Switching VAR models are estimated by maximum likelihood. As shown by Hamilton (1993), the relevant
algorithms are considerably simpliﬁed if (3) is ﬁrst put in its state-space form. In particular, estimation and
inferences are based on the EM (Expectation-Maximization) algorithm proposed by Hamilton (1993), a ﬁlter
that allows the iterative calculation of the one-step ahead forecast of the state vector
ξt =[ I(st =1 )I(st =2 )I(st = k)]0
where I(st = i) is a standard indicator variable, given the information set Ft and the consequent construction
4We assume the absence of roots outside the unit circle, thus making the process stationary. Ang and Bekaert (2002b) have
recently shown that formally, it is just suﬃcient for such a condition to be veriﬁed in at least one of the k alternative regimes,
for covariance stationarity to obtain.
7of the log-likelihood function of the data. As for the properties of the resulting ML estimators, under standard
regularity conditions (such as identiﬁability, stability and the fact that the true parameter vector does not fall
on the boundaries) Hamilton (1993) and Leroux (1992) have proven consistency and asymptotic normality










where Ia(θ) is the asymptotic information matrix. In our empirical results we are going to provide standard
results based on a ‘sandwich’ sample estimator of Ia(θ)b yw h i c h : 5





























(p(yt|=t−1; ˜ γ) is the conditional density of the data).
Under a mean squared forecast error (MSFE) criterion, the forecasting algorithms are simple in spite of
the nonlinearity of these processes. Considering the process in (3), the function minimizing the MSFE is the
standard conditional expectation function. For instance, for a one-step ahead forecast:
E[yt+1|Ft]=Xt+1 ˆ Ψ
³
ˆ ξt+1|t ⊗ ιl+q
´
where Xt+1 =[ 1y0
t...y0
t−p+1] ⊗ ιl+n, ˆ Ψ collects the estimated conditional mean parameters (μi and Aji,
i =1 ,...,k) stacked in appropriate ways, and ˆ ξt+1|t is the one-step ahead, predicted latent state vector to be
ﬁltered out of the available information set Ft a c c o r d i n gt ot r a n s i t i o ne q u a t i o nˆ ξt+1|t = ˆ P0ˆ ξt|t,where also the
transition matrix P has to be estimated.
3. Empirical Results
3.1. The data
We use monthly series on Irish, US, and UK nominal stock returns and short-term interest rates for the period
1978:05-2004:12. In particular, we focus on continuously compounded total (inclusive of dividends and all
distributions) returns on the Dublin ISEQ, the US S&P 500, and the UK FTSE 100 stock market indices
and Irish and UK money market (the equivalent to federal funds) rates and the US FED funds rate. All data
series are obtained from Datastream. Table 1 reports summary statistics for all series under consideration.
Consistently with the literature on stock return predictability, we investigate the properties of excess equity
returns. To make the table easy to read, the statistics refer to monthly percentage returns.
5Under the null of no misspeciﬁcation, I1(ˆ θ)a n dI2(ˆ θ) should be identical. Since in our paper we do not perform misspeciﬁ-
cation tests based on the ‘distance’ between I1(ˆ θ)a n dI2(ˆ θ), we base our inferences on the “sandwich” form.
8The three markets display similar median excess returns, in the order of 8-9 percent a year, i.e. values
consistent with standard evidence of a high equity premium.6 Some structural diﬀerences are displayed by
the volatility coeﬃcients, a textbook annualized value of 15 percent for the US index, 17 percent for the
UK, and more than 18 percent for Irish excess returns. As a result the (median-based, annualized) Sharpe
ratios range from 0.49 for the UK to 0.58 for the US (the Irish index is 0.53). However, should we add
conﬁdence bands around such values, we would fail to ﬁnd signiﬁcant diﬀerences among these reward-to-risk
ratios, which appear to cluster around a ‘typical’ 0.5 per year value. This feature suggests that in a portfolio
logic, an investor might derive substantial beneﬁts from a strategy that diversiﬁes across these three equity
portfolios.
However, Panel A of Table 1 also shows that such a simplistic approach may be inappropriate, as the three
indices also display asymmetric, left-skewed, and fat-tailed distributions. In particular, excess Irish returns
show a large and statistically signiﬁcant negative skewness (-1.5) and a large kurtosis (12.4) that exceeds the
Gaussian benchmark (three) with a negligible p-value. The values of skewness and kurtosis for UK and US
excess returns are less impressive, but they still bring to stark rejections (using a standard Jarque-Bera test)
of the null hypothesis that each of these univariate series may have a Gaussian unconditional distribution.7
Panel B of Table 1 reports summary statistics for short-term interest rates. Means and medians ﬁt classical
values of 7-8 percent a year. Irish and US short-term yields are also highly non-normal, positively skewed (1.5
and 0.9) and fat-tailed (kurtosis coeﬃcients are 8.8 and 4.0). However, in this case we obtain for all series
evidence that short yields are highly serially correlated (with near-unit root properties) and present strong
ARCH eﬀects. However, as argued by many recent papers (e.g. Gray, 1996, and Guidolin and Timmermann,
2007b), such properties are also potentially consistent with the presence of regimes in the (joint) distribution
of short-term yields.
Panel C concludes by showing simultaneous correlation coeﬃcients among excess equity returns and short
yields. Excess stock returns are generally positively correlated, with coeﬃcients between 0.54 (Ireland-US)
and 0.70 (US-UK). Even such a large value implies the existence of substantial international diversiﬁcation
opportunities. A similar remark applies to correlations among interest rates (generally around 0.7). Finally,
short-term yields tend to imply simultaneous movements in opposite direction of excess stock returns, although
the correlation coeﬃcients are small (generally around -0.1) and weakly signiﬁcant from a statistical viewpoint.
3.2. A regime switching vector autoregressive model
Speciﬁcation tests are performed for VAR switching models as in (3) when both the number of states k and
the number of VAR lags q are allowed to change.8 Table 2 reports these results. The null of a single regime
6Mean (as opposed to median) excess equity returns are surprisingly low (less than 1 percent) for the UK. This is caused by
2 extreme observations (of -19 and -16 percent) that lie more than 3 standard deviations away from the mean.
7The Jarque-Bera statistics are 1301, 594, and 231 for Ireland, UK, and US, respectively. The associated p-values are always
essentially zero.
8We experiment with a variety of models. Because it is well known that breaks in constant coeﬃcients may create an illusion
of vector autoregressive components being needed, we try a variety of MMSI(k,0) models, i.e., homoskedastic, with regimes
9is decidedly rejected for all models estimated. Even for the worst ﬁtting MMSI(2,0) model (where MMS
stands for ‘Multivariate Markov Switching’), the LR statistic takes a value of 441, which is hardly compatible
with the null of a single state, even taking into account nuisance parameters issues.9 Indeed, the growth
in the maximized log-likelihood function and the decline in information criteria is impressive when moving
from single-state models (e.g., MMSIA(1,2) which is a simple Gaussian homoskedastic VAR(2)) to two- and
three-state models. However, the information criteria appear to be split: while the parsimonious BIC and
H-Q criteria select a MMSIAH(2,1) model, i.e.
yt =[ Stμ1 +( 1− St)μ2]+[ StA1 +( 1− St)A2]yt−1 +[ StΩ1 +( 1− St)Ω2]εt,
where St = 1 in state 1 and zero otherwise (i.e., St is deﬁned as the ﬁrst element of ξt), Ωst is the Choleski
factor decomposition of Σst, the AIC indicates that modeling three diﬀerent regimes within a MMSIAH(3,2)
framework might improve the ﬁt. While the tendency of AIC to select absurdly large nonlinear models has
been noticed before in semi-nonparametric contexts (see Fenton and Gallant, 1996), a three-state VAR(2)
model with regime-switching covariance matrix implies the need to estimate as many as 303 parameters, which
is clearly a serious challenge. To keep the saturation ratio (the ratio between the number of useful observations
and the parameters estimated, a non-linear analog to the concept of ‘degrees of freedom’) suﬃciently high (15
in the MMSIAH(2,1) vs. only 6 in the MMSIAH(3,2) case) and for consistency with the battery of information
criteria results in Table 2, we entertain in what follows a relative simply two-state switching VAR(1) with
regime-dependent covariance matrix.10
Notice that the weak support for richer models with three or four states represents in itself a rather
meaningful result: we ﬁnd no evidence that our small-open economy stock or money markets would command
by itself the presence of speciﬁc states apt to describe its regime shifts between bear and bull states. As argued
in Guidolin and Timmermann (2006), the presence of important asynchronicities among the major, developed
market regimes and the patterns of time-variation in smaller markets is bound to lead to the speciﬁcation
of three of even four diﬀerent states. The fact that a simple two-state, “bull & bear” model is suﬃcient
to capture the nonlinear dynamic properties of yt implies that the same underlying state variable seems to
characterize many stock and money markets in the world.11
Parameter estimates are reported in Table 3. Panel A presents a benchmark single-state VAR(1) model,
in means only, and q = 0. Given the widespread evidence of time-varying variances and correlations, we estimate a range of
MMSIH(k,0) models, i.e. models with regime-dependent constants and covariances matrices but q = 0. MMSIAH(k,q)i n c a r n a t e
the presence of switching in both constants and covariance matrices, as well as in VAR coeﬃcient matrices.
9In Table 2, tests of linearity are performed using Davies’s (1977) upper bound for the signiﬁcance level of the LR test under
nuisance parameters:




















where Γ(·) is the standard gamma function.
10Additionally, this model retains the intuitive interpretation of regimes as bear and bull states.
11This ﬁnding is consistent with results in Guidolin and Timmermann (2008) that simple two-state, “bull & bear” models can
adequately capture the properties of relatively long vectors of equity index returns (e.g. also including Asian, Japanese, and
continental European stock returns).
10while panel B is devoted to the regime switching estimates. Panel A gives already interesting indications:
the US short-term interest rate predicts with the expected sign (negative, as implied by a simple version
of Gordon’s dividend discount model) excess stock returns only in the US case; the coeﬃcient is large (in
absolute value) and highly signiﬁcant. The UK rate also (weakly) inﬂuences US stock markets, although the
sign is diﬃcult to interpret. Irish excess returns display a positive serial correlation coeﬃcient, while the
opposite applies to UK excess returns. All short rates are highly serially correlated, although distant from
containing a unit root. While US monetary policy inﬂuences interest rates in all other countries with the
expected sign (positive, see Obstfeld and Rogoﬀ (1995), Canova and De Nicol´ o (2000) and Kim (2001)), there
is evidence that also UK policy impacts Irish short-term rates, consistently with Walsh (1993). Shocks to
interest rates are only weakly correlated with excess return shocks.
Panel B of Table 3 presents regime switching estimates. Both states are persistent, with an average
duration of 30 months for state 1 and 10 months for state 2. Their interpretation is made easy by computing
“within-state” unconditional (monthly) means:
E[yt|St = 1] = [0.39 -0.40 0.51 0.33 0.47 0.32]0
E[yt|St = 2] = [-0.56 0.56 0.20 1.34 0.95 0.87]0
(the ﬁrst three elements are equity risk premia). It is natural to start the interpretation from the second state,
when nominal interest rates are high (double digit, from 10.4 percent in the US to 16.1 percent in Ireland,
in annualized terms) and risk premia are low in the US (2.4 percent per year) and in Ireland (negative, -6.7
percent); on the opposite, the UK risk premium is high (6.7 percent). The state probability plots (Figure 1,
bear state plot) clearly identify this state with the period 1978-1984, although the state episodically reappears
for a few months in the late 1980s, early 1990s, late 1990s, and especially in correspondence to the recent
2001-2002 recession and ﬁnancial market crises. The fact that in an otherwise bear state, the FTSE risk
premium is positive and substantial is well explained by the diﬀerent reaction of the countries involved to the
oil shocks of the late 1970s and early 1980s, and with the real-side eﬀects of the exploitation of the North Sea
gas reserves by the UK: for instance, while the sample mean of excess equity returns over 1978:05 - 1984:12
has been -9 and -4 percent (in annualized terms) for the ISEQ and the S&P 500, respectively, the ﬁgure turns
positive (3.2 percent) for the UK. On the other hand, it is well known that nominal interest rates soared to
double-digit heights over this very period, as a reaction to the inﬂationary pressures caused by the supply-side
shocks and the subsequent anti-inﬂationary stance assumed by the FED.
In this bear state, US monetary policy strongly aﬀects all the stock markets with the expected, negative
sign.12 Interestingly, the corresponding coeﬃcients are rather similar, in the range -4.5 to -5.5 and imply
that a one standard deviation expansionary impulse to US short-term rates would cause a stock market
reaction that goes from a +1.4 percent in the UK to a +1.8 percent in the US. Also, UK monetary policy
responds somewhat to US policy. However, this is not the case for Irish policy, a ﬁnding probably explained
12The VAR coeﬃcient estimates should be read in the following way: the coeﬃcient illustrates the impact of a change in the
variable listed in the corresponding column on the variable listed in the corresponding row.
11by the diﬀerent degree of accommodation of the inﬂationary phenomenon in the early part of our sample.
The UK rate also inﬂuences all the stock markets under analysis. Finally, in the bear state interest rates
appear to be somewhat volatile, while the pairwise correlations involving excess equity returns are below
their unconditional counterparts.
The ﬁrst state is a regime of low nominal interest rates (between 4 and 6 percent per year) and high risk
premia in Ireland and the US (4.7 and 6.1 percent per year, respectively). However, the UK risk premium is
negative.13 State probability plots conﬁrm that roughly 90% of the period 1985-2004 following the oil shocks
is in fact captured by this regime. In this state, international monetary policy has ambiguous eﬀects on stock
prices: while in the US the channel work in the traditional way (i.e. higher interest rates cause negative
excess stock returns, although with a coeﬃcient that is approximately half the coeﬃc i e n tt h a ti se s t i m a t e di n
the second state), Irish excess returns seem to react positively to monetary policy tightening in the US and
negatively (and signiﬁcantly) to tightening in the UK, and once more FTSE excess returns positively respond
to domestic increases in the interest rate. In this state, interest rates are more highly serially correlated than
they are in unconditional terms and display low volatility.
A number of empirical studies have emphasized the dominant position of the US markets and monetary
policies and the potential spillover eﬀects that shifts in interest rates targets, for instance, may have on
the Eurozone (including Ireland and the UK). For instance, Ehrmann, Fratzscher, and Rigobon (2005) have
recently used switching VAR models and found that — although stock returns react most strongly to domestic
ﬁnancial shocks — spillovers both within and across asset classes are substantial and that US markets remain
the main driver of global ﬁnancial markets. These results are conﬁrmed by Ehrmann and Fratzscher (2006)
who analyze data for 50 diﬀerent stock markets and ﬁnd that the transmission of global monetary policy
shocks to stock returns is particularly strong when the US short-term interest rates react strongly (which is
obvious when the shock does originate in the US). Our empirical ﬁndings in Tables 3 are entirely consistent
with these strands of the empirical literature. Table 3 shows that US monetary policy shocks exert a type of
primacy in terms of their eﬀects on stock markets: for instance, out of six possible VAR coeﬃcients measuring
the eﬀect of a month t shock to the US short-term rate onto month t+1 excess stock returns (i.e., three stock
markets times two regimes), all of them are signiﬁcant at a 5% test size, and four are highly signiﬁcant (those
from the bull state, when a policy tightening leads to subsequently lower excess equity returns). Clearly,
movements in Irish short term rate eﬀects produce weak and insigniﬁcant eﬀects, while UK monetary policy
has intermediate eﬀects, often statistically signiﬁcant but economically weaker. Moreover, while the US policy
does not seem to respond to UK monetary policy, UK policy does react to US policy and with the expected,
positive sign.
13This fact is unsurprising: after the oil shocks (i.e. 1985-2004) the sample average of the FTSE-100 excess return has been a
meager -0.08 percent per month.
123.3. Diagnostic checks and residual ARCH eﬀects
As shown by Krolzig (1997) standard, residual-based diagnostic checks are made diﬃcult within the MMS
class by the fact that in (3) εt ∼ i.i.d. N(0,Σst) only within a given regime. Since for most times t, the vector
of state probabilities ˆ πt will diﬀer from the unitve vectors es (s =1 ,...,k), i.e., in generally uncertainty will
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´
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will fail to be either i.i.d. or normally distributed.14 Therefore standard residual-based tests will fail if
focussed around testing the i.i.d. properties of the residuals and will anyway run into diﬃculties when tests
rely on their normality. However, Krolzig (1997) shows that under the assumption of correct speciﬁcation,
one important property ought to pin down at least the one-step ahead forecast errors,
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´
(where ˆ πt is the vector of real-time, ﬁltered state probabilities and ˆ π0
tˆ Pes is the one-step ahead prediction of
the probability of state s =1 ,...,k): {ηt+1} should deﬁne a martingale diﬀerence sequence, i.e.
E[ηt+1|=t]=0 .
This hypothesis is testable in standard ways, i.e. looking at the ability of elements of the information set
at time t (e.g. current excess returns, short-term interest rates, their combinations, etc.) to forecast both
elements of ηt+1 as well as their powers (since E[ηt+1|=t] = 0 is more restrictive than Cov[ηt+1,Y t]=0 ,
where Yt is any variable that belongs to =t).
We implement two types of residual-based tests. In each case, we make an eﬀort to provide intuition
for what a rejection of the null of the forecast errors being a martingale diﬀerence sequence would imply
in economic and ﬁnancial terms. To gain additional insights, we generally apply tests to the each of the
elements of {ηt+1} in isolation (i.e. to the univariate series of forecast errors concerning national stock
market excess returns and short-term rates). We start by testing whether any lags of returns predict current
and future forecast errors. Rejections of the null of zero predictive power, would point to misspeciﬁcation
in the conditional mean function implied by our MMSIAH(2,1) model in particular (but not exclusively) in
the VAR order (q). Although we do ﬁnd some p-values for own- and cross-serial correlations that fall in the
range 0.05 - 0.10, in general we obtain at worst weak evidence of appreciable serial correlation structure in
the level of one-step ahead forecast errors.15
14When ˆ πt is identiﬁed with the vector of smoothed probabilities, the problem is compounded by the fact that the smoothed
values are full-sample estimates that by construction overstate the predictive accuracy of the Markov switching model.
15We also examine the ability of lagged returns of market i and/or short-term yields of country i to predict forecast errors of
market/country j, i 6= j. We ﬁnd that there is some linear (cross-) structure only in FTSE100 excess return errors; in particular,
t − 1 excess S&P returns predict time t FTSE100 forecast errors.
13Next, we examine the ability of variables in the information set to predict squared forecast errors. In case
of rejections of the no predictability restriction, this test can be interpreted as a test of omitted volatility
clustering and ARCH eﬀects in the model. There is borderline evidence of some positive and signiﬁcant ﬁrst-
order serial correlation in squared forecast errors for UK excess returns and short-term rates only, while both
past own and cross-excess returns fail to predict subsequent forecast errors. All in all there is no evidence
of a need of specifying ARCH eﬀects on the top of making Σst a function of the state. We also proceed to
formally test a regime switching ARCH(1) speciﬁcation in which
Σt = Λ0st + Λ1stεtε0
t.
This speciﬁcation implies specifying 21 additional parameters, the elements of the matrix Λ1st. A LR test
resoundingly rejects this speciﬁcation. Importantly these results are consistent with the evidence in Guidolin
and Timmermann (2007a, 2008) that when (international) stock returns and short-term rates are modeled
using multivariate regime switching models, the residual evidence for classical multivariate ARCH eﬀects is
rather weak.16
4. Economic Implications
4.1. Time-varying predicted risk premia and second moments
One way in which we can gauge the economic implications of our regime switching VAR is by calculating
the one-step ahead predictions of risk premia and volatilities characterizing the three stock markets. These
are obviously crucial pieces of information relevant to portfolio mangers interested in international portfolio
diversiﬁcation. To this purpose, we proceed to the recursive estimation of our two-state regime switching
VAR(1) model over the period 1995:01 - 2004:12. This means that the ﬁrst estimation uses data for the
interval 1978:05 - 1995:01 (i.e. 201 observations), the second for 1978:05 - 1995:02 (202 observations), etc.
This recursive updating of the parameter estimates implied by equation (3) captures the expanding learning
of an investor who uses the model to characterize the dynamic properties of international equity markets and
their linkages to national monetary policies.
Figure 2 shows one-step ahead predicted risk premia, volatilities, and correlations resulting from such a
recursive updating process.17 Clearly, risk premia tend to substantially ﬂuctuate over time, and are sometimes
negative, even if only for relatively short periods of time. In particular, two diﬀerent periods can be isolated:
during 1995 - 1998 predicted risk premia are generally positive and scarcely volatile, always falling in the
16Guidolin and Nicodano (2007) reach similar conclusions and — in an international equity asset allocation problem — show that
the qualitative portfolio implications are anyway robust to adopting models in the Dynamic Conditional Correlations-in mean
(DCC-M) class, although the latter are usually dominated by the forecasting properties of multi-state regime switching models.
Although it is unclear whether their results may extend to our, diﬀerent asset menu, it is plausible that Markov switching may
simply provide an eﬃcient and interpretable way to ﬁt time-varying predictability patters in international stock returns.
17While predicted risk-premia are simply calculated as a predicted-probability weighted average of state-speciﬁcr i s kp r e m i a ,
predicted volatilities adjust for possible switches in means between t and t + 1 as shown by Timmermann (2000). The same
applies to the correlations presented later on.
14narrow range 0 - 3 percent per month; on the contrary, over 1999-2003 (and in particular in 2001 and 2002)
risk premia appear extremely volatile and often turn negative, with one-month ahead spikes below -5 percent.
Additionally, the predicted risk premia tend to move in a largely symmetric fashion across stock markets.
Although the plot allows one to detect a few episodic diﬀerences, they never exceed 0.3-0.5 percent per month,
in absolute value. This implies that in a two-state VAR(1) model, the speciﬁc emerging, small open economy
features of the Irish stock market fail to be reﬂected in systematically higher or diﬀerent risk premia.
The second panel of Figure 2 oﬀers a similar picture for predicted monthly volatilities of excess returns in
each of the three markets. Diﬀerently from risk premia, volatilities are systematically diﬀerent across national
markets: the ISEQ is always predicted to be most volatile market, with forecasts between 4.3 and 5.8 percent
per month while the FTSE 100 and the S&P 500 are more stable with modest ﬂuctuations in the range 4.5 to
5.0 percent and 3.8 - 4.5 percent respectively. Aside from the idiosyncratic drop in ISEQ volatility in 1995,
the three volatility series mimic each other.
The last panel of Figure 2 shows the dynamics of the predicted, one-month ahead correlations between
the ISEQ and the two major Anglo-Saxon stock markets.18 The pairwise correlation with the FTSE 100 is
systematically higher than the one with the S&P except for brief periods between 2001-2003. Correlations
are typically quite high throughout the sample period although they are not signiﬁcantly higher post 2003
than in early 1995.
4.2. Sharpe-ratio dynamics
Once values for predicted risk premia and volatilities are available, it becomes natural to proceed to recursively
calculate one-month ahead predicted Sharpe ratios, which give an indication for the recursive behavior over
time of the expected reward-to-risk ratio. In the following we specialize to the viewpoint of a US investor,













t|=t]a n dVa r[xi




t converts local currency net stock returns into excess returns in the perspective of a US
investor, with both ri
t and rUS
t known at time t.19
Given our ﬁnding in Section 4.1 that the predicted risk premia are relatively close to each other over our
sample while heterogeneity exists in the dynamics of predicted volatilities, it seems clear that Sharpe ratio
f o r e c a s t sw i l lb em o s t l yd r i v e nb yt h et i m ev a r i a t i o ni nt h el a t t e r .H o w e v e r ,s i n c e( 5 )c o m e si nt h ef o r mo fa
ratio and not of a simpler diﬀerence, it is unclear whether heterogeneous volatility dynamics will be suﬃcient
to induce large diﬀerences. Figure 3 shows that the ratios fundamentally inherit the dynamic behavior of
18An equivalent plot concerning the pairwise correlation between FTSE and S&P excess returns is omitted to save space and
is available upon request.
19Notice that   SR
i
t+1|=t is in fact the ratio of two predicted moments (or functions thereof) and not a direct implication of the
two-state model.
15predicted expected returns. The period 1995-1998 is characterized by relatively stable and positive Sharpe
ratios, while 2000-2003 is marked by high volatility. Also in this case, the Sharpe ratios strongly comove
(correlation coeﬃcients range between 0.86 and 0.97), although there is some tendency for the ISEQ ﬁrst
(over 1995-1996) and the S&P 500 later (after 2002) to imply the highest reward-to-risk ratios. These results
suggest that the ISEQ seems to compensate risk in ways that are perfectly consistent with the ratios that are
typical of major, developed markets. Also, correlations are systematically below 1 while Sharpe ratios are
essentially similar across markets suggesting the existence of enormous potential for international portfolio
diversiﬁcation. We test this conjecture in the next section.
4.3. Implications for optimal portfolio decisions
We recursively compute optimal mean-variance portfolio weights and assess the comparative (pseudo) out-
of-sample portfolio performance of our two-state regime switching model vs. two common benchmarks, a
simple myopic IID model and a single state VAR(1). Assume an investor has preferences described by a
simple mean-variance functional:
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where λ is interpreted as coeﬃcient of risk aversion that trades-oﬀ (conditional) predicted mean and variance
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t [M1:3ˆ μt + M1:3ˆ Atyt +( M4:6yt − rUS
t ι3)],
where the time index appended to the matrices ˆ Σt, ˆ μt, andˆ At reﬂects the possibility that parameters may
be a function of the state and hence of current time, rUS
t is the US short-term rate, and the M matrices
are “selector” matrices that ﬁsh out of the 6 × 1 vectors produced by the econometric model only the 3 × 1
vectors useful to compute portfolio weights.20 We solve the problem from a US viewpoint, which explains
why (after calculating predicted one month local returns, M1:3ˆ μt + M1:3ˆ Atyt + M4:6yt) we are subtracting
rUS
t from predicted mean returns on all markets (i.e., this algebraic operations convert local currency excess
returns into excess returns expressed in US dollars). Portfolio weights are calculated recursively using the












i.e. a row-concatenation of an I3 identity matrix and a 3 × 3 matrix of zeros.
21For instance, ˜ ω1995:01 is based on estimated parameters obtained using data for the interval 1978:05 - 1995:01, etc.
16on the admissible range for ωt; in particular, in what follows we compute and discuss weights that prevent
the investor from selling any securities short, i.e. such that ω0
tej ∈ [0,1] ∀t and j = ISEQ, FTSE, S&P.22
In this section we also extend the calculation of portfolio weights to a natural and yet simple benchmark,
a single-state, VAR(1) model,
yt = μ + Ayt−1+εt εt ∼ N(0,Σ), (7)
in which only risk premia are predictable according to the simple law Et[yt+1]=M1:3ˆ μt + M1:3ˆ Atyt+
(M4:6yt − rUS
t ι3). In this case, variance and covariances are restricted to be constant over time. This is the
model employed, for instance, by Campbell and Viceira (1999).
Figure 4 starts by showing plots of recursive, one-month ahead predicted Sharpe ratios for each stock
market and under each of the three models investigated. Independently of the stock market under investi-
gation, the plots show the existence of striking diﬀerences between simple mean-variance ratios that ignore
all kinds of predictability and ratios implied by models that account for predictability. While the former
model generates ratios that are small (generally between 0 and 0.15) and that change smoothly over time as
a consequence of recursive updating, the predictability models induce substantial variation in Sharpe ratios,
which are actually often predicted to be negative. Some diﬀerences exist also between regime switching and
VAR Sharpe ratios, as the latter tend to be less volatile than the MMS ratios. Moreover, periods can be
found in which the VAR and regime switching models imply rather heterogeneous ratios and hence potentially
diﬀerent portfolio implications.
We then proceed to compare the evolution of portfolio weights induced by the three diﬀerent models in
the case λ =0 .5. Table 4 provides summary statistics. Diﬀerences are striking: the single-state VAR(1)
model generates only a moderate demand for stocks: 13 percent for Ireland and 16 percent for the S&P
500. The bulk of the portfolio remains invested in the (US) riskless asset (80 percent). Removing short-sale
possibilities marginally reduces the equity weights, to approximately 22 percent. Finally, a regime switching
model implies larger equity weights. When short-sales are admitted, the investment in stocks is on average
40-50%. Although rich temporal dynamics can be detected and periods exist in which the net weight to all




t < 0), in general there is a tendency towards a
thorough diversiﬁcation across the three national stock markets. Table 4 provides a more accurate description
by reporting mean values of portfolio weights over our recursive exercise. The mean investment in stocks is
45 percent, with a prevalence of US stocks (30 percent).23
Table 5 completes the analysis by showing the (pseudo) out-of-sample, one month portfolio performance
under diﬀerent levels of λ and for the two competing models. In particular, we report mean one-month
net portfolio return, the lower and upper values of a standard 95% conﬁdence interval (that reﬂects the
volatility of portfolio returns over 1995:01 - 2004:11), and the implied Sharpe ratio that adjusts mean returns
to account for risk. The ﬁnal eight columns of Table 5 report performance measures also for portfolios that
22When short-sales are restricted, ˜ ωt has no closed-form solution and is therefore calculated numerically (by grid search).
23Table 3 also reports summary statistics for recursive portfolio weights under regime switching also for other values of λ,
i.e. 0.2, 1, and 2. The evidence of a prevalence of equity investments in the US is consistent with the ﬁnding in Guidolin and
Timmermann (2006b).




t =1 .24 The table
reports in bold the maximum values of mean portfolio returns and of the Sharpe ratio across models. Mean
performance is always superior for all portfolios including the riskless asset, independently of the assumed
value for λ, for the two-state regime switching VAR. In most cases, the MMS framework also produces the
best possible Sharpe ratios. For instance, when λ =0 .5 and a no short sale constraint is imposed, a regime
switching asset allocation obtains a 1.19 percent per month average performance (higher than 1.06 for a VAR
strategy); however, some performance risk should be taken into account, as a 95 percent interval spans [−0.6,
3.0], i.e. covers a negative region. Even adjusting for risk, the Sharpe ratio is 0.68, which is higher than those
produced by competing models.25
Table 4 highlights what regime switching is really doing: tilting the balance of risks away from a situation
of equilibrium — as evidenced by the fact that the three markets have essentially similar Sharpe ratios, both
in the full-sample and in predicted terms (see Figure 3) — to weigh against Irish and UK stocks and in favor
of US equities. This is visible in Table 4 when it is clear that while a simple VAR(1) puts a weight between 46
and 64 percent into Irish stocks (and their excellent 0.53 annualized Sharpe ratio), a strategy that accounts
for regimes should reduce such a weight to the range 24-26 percent only, i.e., almost exactly half, in favor of
UK and especially US equity investments. Table 5 shows that changing the structure of portfolio weights in
this way is certainly important: it certainly improves mean portfolio returns, especially if riskless investments
and short-sale capabilities are both allowed; it may also beneﬁt the overall risk-return ratio of the portfolio,
i.e., deliver higher performance in risk-adjusted terms.
A ﬁnal question concerns the origins of such diﬀerences in portfolio structure and out-of-sample perfor-
mances. Table 3 and the moment estimates it implies reveal three facts. First, the ISEQ index is diﬀerent
from the FTSE or the S&P500 because the mean diﬀerentials when going from one state to the other is
maximum: 0.95% per month in the case of Ireland and the UK excess returns vs. 0.31% in the case of the
US; 1.01% per month for Irish short-term rates vs. 0.48% for the UK and 0.55% for the US. As shown in
Timmermann (2000), such jumps in mean obviously add to the overall risk/variance of a regime switching
variable. Second, Figure 2 shows that a similar phenomenon involves the one-step ahead predicted variances,
in the sense that the volatility of ISEQ excess returns is the one that depends the most on regimes. Third,
Table 3 shows a phenomenon already discussed by Ang and Bekaert (2002a) and Butler and Joaquin (2002):
correlations among shocks to excess market returns are systematically higher in bear states than in bull ones,
which implies that diversiﬁcation pays out the least exactly when it is needed the most. The result is that
a risk-averse portfolio optimizer will simply bias portfolio weights away from a well-diversiﬁed pattern and
towards the market with the highest Sharpe ratio, in the case the S&P500.26
24The four columns concerning pure equity portfolios performance are identical across values for λ. The algebra of mean-
variance optimization implies that when a riskless asset is available a two-fund separation result applies, such that heterogeneous
risk preferences only produce diﬀerent demands for the riskless asset and a homogeneous risky portfolio.
25However it must be noted that for pure equity allocations, the implied Sharpe ratios are systematically lower, and the single
state VAR(1) framework tends to outperform other models.
26Guidolin and Nicodano (2007) frame the discussion of these three eﬀects in terms of the co-skewness and co-kurtosis properties
of the international equity portfolios under investigation. Because this paper entertains the simplest but also more intuitive case
185. Conclusions
We have documented that − despite the stellar (+15% a year on average, over the period 1994-1999), “Tiger-
like” performance of the Irish stock market during the 1990s − the vector-autoregressive process linking Irish,
UK, and US excess equity returns to short-term interest rates is characterized by substantial nonlinearities −
in the form of regimes − that make the long-run, overall ‘association’ among the ISEQ, the FTSE 100, and
the S&P 500 much higher than commonly thought of. Importantly, not only we have found strong statistical
evidence of regimes in the multivariate distribution of the equity returns and short-term interest rates for
Ireland, the US, and the UK, but we have also shown that such regimes are economically important insofar
as they may improve the out-of-sample performance of a mean-variance portfolio optimization strategy.
The analysis performed in this paper should be taken as “clinical”, case study-type of evidence that
the existence of non-linear dynamics in the process of the typical benchmark portfolio returns targeted by
international diversiﬁcation strategies ought to attract careful consideration from money managers around
the world. Such non-linear dynamics — incarnated by a simple regime switching VAR in this paper — may
imply that a traditional focus on means, variances and especially linear correlations may be dangerously
misleading. For instance, despite moderate correlation coeﬃcient estimates between Irish, UK, and US excess
returns, we ﬁnd that state comovements involving the three markets are so relevant to depress the optimal
mean-variance weight carried by ISEQ stocks to at most one-quarter of the overall equity portfolio. In this
sense, it seems that international bull and bears shared by the more developed US and UK equity markets
involve the Dublin’s stock exchange so heavily to greatly reduce the diversiﬁcation beneﬁts available through
indirect equity investments in Ireland. While the academic literature has recently become keenly aware of
the possibility of such subtle, non-linear eﬀects (see e.g., Ang and Bekaert, 2002a, Detemple, Garcia, and
Rindisbacher, 2003, Guidolin and Timmemann, 2005, 2007a), it remains to be seen how and when corrections
for such eﬀects will ﬁnd their way in the practice of multinational portfolio management.
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This table reports summary statistics for percentage monthly excess stock returns and short-term (money market) 
nominal interest rates for Ireland, the United States, and the United Kingdom. The sample period is 1978:05 – 
2004:12. 
 
  Mean Median  Minimum  Maximum  Standard 
deviation  Skewness Kurtosis 
                                           A. Excess Stock Returns 
ISEQ 0.143  0.816  -39.779  14.378  5.330  -1.492  12.419 
FTSE-100 0.007  0.701  -32.742  11.969 4.914 -1.276  9.169 
S&P 500  0.216  0.705  -25.241  12.731  4.236  -0.889  6.762 
                                           B. Money Market Nominal Interest Rates 
Ireland 0.774  0.732  0.170  3.667  0.464  1.458  8.783 
United Kingdom  0.727  0.708  0.250  1.490  0.308  0.357  2.019 
United States  0.568  0.504  0.082  1.592  0.317  0.885  3.996 
  C. Correlation Matrix 







ISEQ 1.000           
FTSE-100 0.572  1.000         
S&P 500  0.539  0.698  1.000       
Ireland – mon. mkt. int. rate  -0.101 0.044 -0.034 1.000     
UK – money mkt. int. rate  -0.122 -0.019 -0.021  0.680  1.000   
US  – money mkt. int. rate  -0.120 -0.012 -0.105  0.653  0.734  1.000 
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Table 2 
Model Selection of Markov Switching, Conditionally Heteroschedastic VAR Models  




s j t js s t ε y y μ y
t t t ∑
=
− Σ + + =  
where 
t s μ  is the intercept vector in state st, 
t js A  is the matrix of autoregressive coefficients associated to lag j ≥ 1 
in state st and  ) , (    I.I.D.   ~ 6 I N t 0 ε . st is governed by an unobservable, discrete, first-order Markov chain that can 
assume k distinct values (states). Excess stock returns are calculated as the log-difference in the total return 
indices for ISEQ, FTSE-100, and S&P 500 minus a short-term interest rate. The data are monthly. The sample 







LR test for 
linearity 
AIC BIC  Hannan-
Quinn 
  Base model: MMSIA(1,0) 
MMSI(1,0) 27  -2808.26  NA  17.7203  18.0383  17.8473 
MMSIA(1,1) 63  -1881.33  NA  12.1902  12.9338  12.4871 
MMSIA(1,2) 99  -1744.38  NA  11.5936  12.7648  12.0614 
MMSIA(1,3) 135  -1691.46  NA  11.5234  13.1242  12.1629 
  Base model: MMSIA(2,0) 
MMSI(2,0) 35  -2587.63  441.2475 
(0.000) 
16.3914 16.8036  16.5560 
MMSIA(2,1) 107  -1528.73  705.2082 
(0.000) 
10.2553 11.5183  10.7597 
MMSIAH(2,1) 128  -1099.27  1564.1296
(0.001) 
7.6945  9.2053 8.2978 
MMSIAH(2,2) 200 -946.85  1595.0757
(0.001) 
7.2129 9.5789  8.3579 
  Base model: MMSIA(3,0) 
MMSI(3,0) 45  -2480.25  656.0023 
(0.000) 
15.7828 16.3128  15.9944 
MMSIH(3,0) 87  -2193.17  1230.1621
(0.000) 
14.2511 15.2756  14.6602 
MMSIA(3,1) 153  -1463.83  835.0083 
(0.000) 
10.1369 11.9427  10.8581 
MMSIAH(3,1) 195 -974.77  1813.1214
(0.000) 
7.3340 9.6356  8.2532 
MMSIAH(3,2) 303 -800.66  1887.4525
(0.000) 
6.9412  10.5258 8.3730 
  Base model: MMSIA(4,0) 
MMSI(4,0) 57  -2431.16  754.1917 
(0.000) 
15.5510 16.2222  15.8190 
MMSIH(4,0) 120  -2027.36  1561.7973
(0.000) 
13.4210 14.8341  13.9853 
MMSIAH(4,1) 264 -856.12  2050.4344
(0.000) 
7.0227 10.1387  8.2671 
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Table 3 
Estimates of Multivariate Regime Switching VAR(1) Model for Excess Stock Returns and 
Nominal Short-Term Interest Rates 
The table reports the estimation output for the MMSIAH(k,p) model: 
t s 1 t s s t ε r A μ r
t t t Σ + + = −  
The data are monthly. The sample period is 1978:05 – 2004:12. The data reported on the diagonals of the 
correlation matrices are annualized volatilities. Asterisks attached to correlation coefficients refer to covariance 
estimates. 
  Panel A – Single State Model 
 ISEQ  FTSE-100  S&P  500  Ireland  r UK  r US  r 
1. Mean excess return  0.724 -1.051 -0.197 0.016 0.040
**  0.007 
2. VAR(1) Coefficient         
ISEQ  0.352
** -0.161
*  -0.018 0.674  0.300  -2.405 
FTSE-100 0.043  -0.300
**  -0.001  1.621
*  0.962 -1.696 
S&P 500  0.034  -0.169
**  -0.071 0.672 2.255
* -3.120
** 
Ireland r -0.008  0.009




UK r  0.001 -0.002 0.002 0.018 0.827
** 0.124
** 
US r  0.000 0.001 0.001 -0.002  -0.005 0.994
** 
3. Correlations/Volatilities         
ISEQ  17.515
**        
FTSE-100  0.528
** 15.609
**       
S&P 500  0.487
** 0.657
** 13.621
**      
Ireland r -0.024  0.063  0.036  0.801
**    
UK r -0.112  -0.161
*  -0.026  0.107
* 0.363
**   
US r 0.028  0.023  -0.015  0.011  0.030  0.190
** 
  Panel B – Two State Model 
 ISEQ  FTSE-100  S&P  500  Ireland  r UK  r US  r 
1. Mean excess return        











**  0.034 
2. VAR(1) Coefficient         
Regime 1 (bear):         
ISEQ  0.334
** -0.143




FTSE-100 0.054  -0.317




S&P 500  0.043  -0.179
* -0.118
*  -0.125  3.110
** -2.656
** 




UK r 0.001  0.001  -0.002  -0.015  0.951
** 0.065
* 
US r  0.000 -0.000 0.001 0.001 -0.026  1.032
** 
Regime 2 (bull):         
ISEQ  0.303
** -0.153










S&P 500  0.045  -0.120  -0.054  -0.403  3.919
** -5.536
** 




UK r -0.000  -0.006  0.005  0.001  0.563
** 0.200
** 
US r  0.001 0.004 0.006 -0.019  -0.001 0.988
** 
* denotes 5% significance, ** significance at 1%. 
   26
Table 3 - continued 
Estimates of Multivariate Regime Switching VAR(1) Model for Excess Stock Returns and 
Nominal Short-Term Interest Rates 
 
 ISEQ  FTSE-100  S&P  500  Ireland  r UK  r US  r 
3. Correlations/Volatilities         
Regime 1 (bear):         
ISEQ  17.904
**        
FTSE-100  0.584
** 14.771
**       
S&P 500  0.552
** 0.732
** 13.556
**      
Ireland r -0.046  0.026  0.018  0.101
**    
UK r -0.095  -0.044  0.052  0.143
* 0.195
**   
US r 0.080  0.070  -0.004  0.042  0.034  0.059
* 
Regime 2 (bull):         
ISEQ  15.528
**        
FTSE-100  0.389
** 16.507
**       
S&P 500  0.305
** 0.403
** 12.589
**      
Ireland r  -0.064 -0.003 -0.098  1.276
**    
UK r -0.128  -0.283
*  -0.112  0.108
* 0.595
**   
US r  -0.025 -0.003 -0.003 -0.050  0.049  0.346
** 
4. Transition probabilities  Regime 1 (bear/normal)  Regime 2 (bull) 
Regime 1 (bear)  0.967
**  0.033 
Regime 2 (bull)  0.100  0.900
** 
* denotes 5% significance, ** significance at 1%.   27
Table 4 
Summary Statistics for Recursive Mean-Variance Portfolio Weights 
The table reports summary statistics for the weights solving the one-month forward mean-variance portfolio problem: 
] [ 2 1 ] [ max 1 1 + + − t t t t W Var W E    
t w
λ , 
where Wt+1 is end-of period wealth and λ is a coefficient of (absolute) risk aversion that trades-off mean and variance. 
The problem is solved recursively over the period 1995:01 – 2004:12 using in each month updated parameter 
estimates (and when appropriate, filtered state probabilities) obtained over an expanding sample that starts in 1978:05.  
The table shows means and standard deviations for recursive portfolio weights. For the case of λ = 1/2, the table also 
reports summary statistics for portfolio weights obtained under a single-state, the VAR(1) case in which only risk 
premia are predictable. Finally, the problem is solved from the point of view of a perfectly hedged US investor, i.e. the 
riskless interest rate is a short-term US yield. 
 
  Statistic  Short Sales Admitted  No Short Sales 
   ISEQ  FTSE 100 S&P 500 Riskless  ISEQ  FTSE 100  S&P 500 Riskless 
  Two-State VAR(1) Model 









Standard dev.  0.225 0.378 0.322 0.578 0.125 0.119 0.285 0.357 
  VAR(1) Model 
Mean  0.129 -0.083 0.157  0.797  0.100 0.006 0.111  0.783 
Standard dev.  0.067 0.100 0.082 0.199 0.063 0.028 0.079 0.145 
  Two-State VAR(1) Model 









Standard dev.  0.090 0.151 0.129 0.231 0.072 0.099 0.130 0.212 
  Two-State VAR(1) Model 







Standard dev.  0.045 0.076 0.064 0.116 0.031 0.039 0.066 0.094 
  Two-State VAR(1) Model 







Standard dev.  0.023 0.038 0.032 0.058 0.013 0.013 0.030 0.039 
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Table 5 
Summary Statistics for Recursive Mean-Variance Portfolio Performances 
The table reports summary statistics for the 1-month portfolio return based on weights that solve the one-month 
forward mean-variance portfolio problem: 
] [ 2 1 ] [ max 1 1 + + − t t t t W Var W E    
t w
λ , 
where Wt+1 is end-of period wealth and λ is the coefficient of (absolute) risk aversion. The problem is solved 
recursively over the period 1995:01 – 2004:12 using in each month updated parameter estimates (and when 
appropriate, filtered state probabilities) obtained over an expanding sample that starts in 1978:05.  The table shows 
means and standard deviations for recursive portfolio weights. The problem is solved from the point of view of a 
perfectly hedged US investor, i.e. the riskless interest rate is a short-term US yield. Boldfaced values for means and 
Sharpe ratios indicate the best performing model. 
 
Statistic Unconstrained  No  Short-Sales  Pure  Equity  Pure Equity, No Short-
Sales 
  λ=0.2  λ=0.5  λ=1  λ=2  λ=0.2  λ=0.5  λ=1  λ=2  λ=0.2  λ=0.5  λ=1  λ=2  λ=0.2  λ=0.5  λ=1  λ=2 
  VAR(1) Model 
Mean  1.86 1.26  1.06  0.96 1.37 1.06 0.96 0.91 5.56  5.56 5.56 5.56 2.22  2.22 2.20 2.07
95% l.b.  -3.05  -0.80  -0.11  0.18 -1.79 -0.37 0.04 0.20 -9.13 -9.13 -9.13 -9.13  -4.86 -4.83 -4.81 -4.80
95%  u.b. 6.78 3.32 2.22  1.74 4.52  2.50 1.88 1.61 20.2  20.2 20.2 20.2 9.29  9.27 9.21 8.94
Sharpe rat.  0.53  0.67 0.84  0.99 0.50 0.66  0.82 0.96 0.10 0.10  0.10 0.10  0.37 0.37  0.37 0.34
  Two-State VAR(1) Model 
Mean  2.12 1.36 1.11  0.98  1.64 1.19  1.02 0.94 1.87  1.87 1.87 1.87 2.12  2.12 2.12 2.09
95% l.b.  -3.62  -1.03  -0.21  0.14 -2.43 -0.63 -0.05 0.19 -29.7 -29.7 -29.7 -29.7  -4.70 -4.69 -4.67 -4.72
95%  u.b. 7.86 3.75 2.43  1.83 5.71  3.00 2.09 1.69 33.5  33.5 33.5 33.5 8.94  8.93 8.91 8.89
Sharpe rat.  0.54  0.66 0.82  0.98 0.53 0.68  0.84 0.98 0.02 0.02  0.02 0.02  0.45 0.46  0.46 0.45
   29
Figure 1 
Smoothed State Probabilities from a Multivariate VAR(1) Two-State Model for  
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Figure 2 
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Figure 3 
Predicted One-Step Ahead Sharpe Ratios Under a Two-State VAR(1) Model 
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Figure 4 
Comparing Predicted One-Step Ahead Sharpe Ratios 
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